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ABSTRACT
Smartphone-based digital phenotyping can provide insight into mood, cognition and
behaviour. In this study, data analytics was carried out with data generated from a
maternal mental health app to address the following question: what is the temporal
behaviour of users when completing ecological momentary assessments (EMAs) with
EMAs in the form of mental health scales versus EMAs in the form of mood logs? The
methodology involved using the Health Interaction Log Data Analytics (HILDA)
pipeline to analyse 1,461 app users. Clustering was used to characterize archetypical
user engagement with the two forms of EMA. Users preferred mood log EMAs, with
6,993 mood log completions compared to 2,129 scale completions. Users are more
willing to log moods at 9am and 12pm and complete mental health scales between
8pm and 10pm. The fewest number of mood logs and scale completions take place
on Saturday followed by a Sunday. Whilst ’happiness’ is the dominant mood during
day times, ’anxiety’ and ’sadness’ peak during night times. The overall findings are
that users prefer completing mood log EMAs and that the temporal behaviour of
users engaging with EMAs in the form of mental health scales are distinctly different
from how they engage with mood logs.
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1. Introduction
Maternal mental health is an important and increasing problem. However, there are
limited resources to monitor and provide support to mothers and their families in
the area of maternal mental health. Pregnancy and the arrival of a newborn is a very
exciting time in any family, it is also a time when emotions, both positive and negative,
may impact on the health and well-being of the mother and family. According to the
World Health Organisation (1 ), worldwide approximately 10% of pregnant women
and 13% of women who have just given birth experience a mental health problem,
primarily depression. Within the UK, up to one in five women develop mental health
problems during pregnancy or in the first year after childbirth (2 ). The Royal College
of Obstetricians and Gynaecologists‘ survey of 2,300 women revealed that 81% of
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women had experienced a maternal mental health problem (2 ). The pain this causes
women and their families has a negative impact on their health and well-being and a
financial cost (3 ), as it is estimated that maternal mental health problems cost the
UK 8.1 billion pounds each year (4 ).
Emotions are strong feelings deriving from one’s circumstances, mood, or relation-
ships with others. The literature clearly states that it is normal for expectant mothers
to have emotional changes due to hormones during pregnancy. In addition, emotions
during pregnancy can impact upon decision making of the individual (5 ). The six most
reported types of emotions during pregnancy and birth are: surprise, joy, anger, fear,
love, and sadness (5–7 ). From these six emotions, half are negative and half are pos-
itive, thus indicating that pregnancy and birth can produce mixed feelings. However,
the literature emphasises more on negative than positive emotions. This is particularly
true for the emotions of mothers after giving birth. The negative emotions result in
well reported baby blues, postnatal depression and the most severe, postpartum psy-
chosis (8 ). It is clear that emotions among mothers need to be monitored in order to
improve maternal mental health.
The Royal College of Midwives (5 ) surveyed midwives and maternity support work-
ers who reported that emotional support should be the main focus of postnatal care
(midwives 61% and maternity support workers 78%). These figures were significantly
higher than clinical observation (midwives 20% and maternity support workers 13%)
and health promotion (midwives 19% and maternity support workers 8%). In total,
41% of midwives and 40% of maternity support workers reported that there is usu-
ally enough time and resources to support, and inform women on maternal emotional
well-being. These results clearly indicate that there is not enough time and resources
for maternal emotional well-being but it should be the main focus of postnatal care.
Thus, it is a clear message from the Royal College of Midwives that emotional support
should be the main focus of postnatal care and there needs to be more staff time
and resources employed in this area. This survey is further supported by more recent
findings from the Maternal Mental Health Alliance (2 ) that in almost half of the UK,
pregnant women and new mothers have no access to specialist community maternal
mental health services.
NICE Guidelines (9 ) in the UK on antenatal and postnatal mental health quality
standard (QS115) states that ”women are asked about their emotional well-being at
each routine antenatal and postnatal contact”. The guideline states the quality mea-
sures, which includes evidence of arrangements for healthcare professionals to ask
women about their emotional well-being at all routine antenatal and postnatal con-
tacts. The stated outcomes include women’s satisfaction with being able to discuss any
concerns or worries at routine appointments, and identification of those living with
mental health problems. Although this guideline is clear, there are questions around
the implementations and the available resources for its effectiveness and success.
The literature clearly states that maternal mental health is an increasing problem
but there is a lack of resources. Thus there is a need for more accessible resources for
mothers and their families to enhance their mental health.
2. Digital phenotyping
Digital health products and services typically include mobile device apps as well as
browser-based apps to a lesser extent, and can include telephony-based services, text-
based chatbots and voice activated chatbots. Many of these digital well-being products
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and services are simultaneously available across many channels in order to maximise
availability for users.
Digital interaction technologies offer useful methods for real time data capture of
the interactions of users with the products and services. We have become accustomed
to using tools such as Google Analytics in order to generate aggregated usage reporting
for our websites, but this kind of log analysis is available for all the digital interaction
technologies we design. Indeed, we have the ability to design what data are recorded,
how and where it may be stored, and crucially, how it can be analysed to reveal
individual or collective usage patterns.
The main focus of previous research on the analysis of usage logs for digital inter-
action technologies used in health and well-being has been to aid in usability analysis
(10 ) or to reveal usage patterns in using technology (11 ). Research has also been
carried out to explore how rehabilitation devices can have data or event logging incor-
porated, but this has been more to support the goal of device monitoring (12 ). More
recent research has examined engagement data in web-based intervention platforms
but has primarily focused on visualisation of the log data (13 ).
Nowadays, digital phenotyping can harness the power of various devices to enable
clinicians to make better decisions about treatment and care. Digital phenotyping is
the term used to describe methods of quantifying individual-level human behaviour
in situ from personal digital devices in real-time (14 ). This data is typically collected
using smartphones which capture various forms of active data that require input from
the user, for instance surveys, and passive data which is automatically generated such
as GPS tracking (15 ). Acquiring data is the initial step in digital phenotyping, followed
by data analysis to gain insights about the user (16 ). Early work has shown the
use of digital phenotyping in mental health care is promising (17 ) and it is clear
smartphone-based digital phenotyping has the potential to transform global mental
health. Identifying individuals at risk or in need of treatment can be difficult as, for
example, a new mother experiencing depression may look different when feeding during
the night compared to what she reports to her clinician the following day (18 ). Due
to the nature of mental illness it is often difficult to seek help and those that do report
to a clinican often arrive after some delay (18 ). Therefore, digital phenotyping could
be used to address the challenges in the field by predicting or determining if a person
has a mental health problem.
The use of digital solutions in mental health care has been recognised as a valuable
resource. Many national health departments including the UK’s National Health Ser-
vice (NHS) are looking to use digital well-being technologies such as health apps for
self-management of diseases. Thus, logging user interactions would allow for greater
insight into user needs and may provide ideas for improving these digital interventions,
for example through enhanced personalisation. The NHS would benefit since the data
can be automatically and hence cost-effectively collected. Such data may facilitate new
ways for epidemiological analyses and provide data to inform health policies. If the
NHS promote health apps and log analysis is insightful, then perhaps there is a need
for a standard to maximise the utility of recorded event logs for analysis in healthcare
contexts.
However, the ethical issues in using digital well-being data are being increasingly
recognised and the protection of personal data is a significant and real concern. While
the European Union’s General Data Protection Regulation 2016/679 (GDPR) offers
clear guidance including support for the principle of data minimisation, where ”organ-
isations must only process the personal data that they need to achieve its processing
purposes”. Using behavioural log data for research purposes would likely require dero-
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gation of the regulation under GDPR Article 89 for scientific research purposes, the
explicit consent by users who have been informed about the use of the data for analysis
for research purposes, or both.
2.1. Ecological Momentary Assessment
The Experience Sampling Method (ESM) or the Ecological Momentary Assessment
(EMA) is a subset of digital phenotyping that can be used to gain insight about the
user. EMA originally made use of paper-diary techniques to enable people to record
their observations or answers to specific questions and combined the ecological valid-
ity with the rigorous measurement techniques of psychometric research (19 ). EMA
secures data about both behavioural and intrapsychic aspects of individuals’ daily ac-
tivities, and it obtains reports about the experience as it occurs, thereby minimizing
the effects of reliance on memory and reconstruction (20 , 21 ). Nowadays, smartphones
enable the capture of implicit usage data from integrated sensors such as, for example,
accelerometers, and these life logging and quantified-self techniques have gained in-
creasing popularity as smartphones become ubiquitous in daily life (22 ). Research has
successfully shown how the use of these techniques combined with EMA can validate
their integrated use, including works by Intille et al. (23 ), the SocioXensor system
(24 ) and the iHABIT platform (25 ). EMAs and ecological momentary interventions
(EMIs) have been proposed to assess and deliver 24-7 mental health support to patients
(26 ). In addition, previous work has looked at the development of self-managed EMA
(27 ) along with tools which allow the individual to analyse and visualise behavioural
patterns to establish their own EMIs (28 ). EMA can also be used to gain insight into
the user experience of a digital product and subsequent cognitive ergonomic design.
In this study, data analytics was carried out on maternal mental health data gen-
erated from the Moment Health app. This study addresses the following question:
What is the temporal behaviour of users when completing EMAs in the form of scales
compared to EMAs in the form of mood logs using a maternal mental health app?
3. Methods
This research study used a data analytical approach to study the cognitive ergonomics
and user engagement of two forms of EMA - one EMA model consisting of mental
health scales (up to 10 questions in one sitting), and the other EMA in the form of
mood logs.
Figure 1 shows three screenshots of the Moment Health app. The screenshots show
the first question of the Edinburgh Postnatal Depression Scale (EPDS) scale (29 ),
the mood log screen and the quantified temporal visualisation of mood logs for the
purpose of user feedback.
3.1. Source of data
The source of data is from the Moment Health app, which has been developed with
expertise from clinicians and healthcare professionals and is aimed at new and expec-
tant mothers and their families. It screens for prenatal and postnatal depression and
associated anxieties and includes additional features such as a helpful guide to prac-
tical and accessible coping strategies. When a parent or parent-to-be downloads the
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Figure 1. Screenshots of the Moment Health app mental health scales and mood logs.
app, they have access to several key, easy-to-use tools including an early intervention
symptoms checker, a mood tracker, and a location tool so they can find the resources
they need that are close to them, and more. This app is available for download via
the Apple Store and Google play. The app consists of four key features: 1. tracker, 2.
checker, 3. locater and, 4. an online community. The tracker feature includes EMAs in
the form of validated mental health scales that are frequently administered in clinical
practice, e.g. EPDS (29 ), GAD-7 (30 ), PHQ-9 (31 ).
The Edinburgh Postnatal Depression Scale (EPDS) is a 10-item questionnaire that
was developed to identify women who have postpartum depression (29 ). The items
of the scale correspond to various clinical depression symptoms, such as guilt feeling,
sleep disturbance, low energy, anhedonia and suicidal ideation. Overall assessment
is by total score, which is determined by adding together the scores for each of the
10 items. Higher scores indicate more depressive symptoms. The scale may be used
within 8 weeks postpartum and it also can be applied for depression screening during
pregnancy. It is a widely used depression screening tool, which has been adapted and
validated in many languages.
The Generalized Anxiety Disorder 7 (GAD-7) scale is a 7-item self-reported ques-
tionnaire for screening and measurement of generalized anxiety disorder (30 ). GAD-7
assessment is indicated by the total score, which made up by adding together the
scores for the scale all seven items.
The Patient Health Questionnaire (PHQ) is a self-administered version of the
PRIME-MD diagnostic instrument for identifying those living with common men-
tal health problems (31 ). PHQ-9 is the depression module, which scores each of the
9 DSM-IV criteria as ”0” (not at all) to ”3” (nearly every day). PHQ-9 is seen as a
reliable and valid measure of depression severity. These characteristics plus its brevity
make the PHQ-9 a useful clinical and research tool. It is not a screening tool for de-
pression but it is used to monitor the severity of depression and response to treatment.
The app includes notifications to prompt users to log their moods at 9am, 12pm
and 8pm. The data used in this study was derived from users who completed scales
and mood logs between August 2017 to November 2018.
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3.2. Procedures for data analytics
This study has received ethical approval from the School of Communication and Media
Ethics Filter Committee, Ulster University. The data analytics methodology involved
using the Health Interaction Log Data Analytics (HILDA) workflow pipeline (32 ),
developed from our work in analysis of digital well being behaviour logs (33 ) in various
application domains, including telephone crisis lines (34 , 35 ), apps for use by people
with intellectual disabilities (36 ) as well as our earlier work in maternal mental health
(37 ). The initial stage involved data cleansing.
Standardising workflows is crucial in order to ensure consistency and best practices
in a domain. A number of standards for carrying out a data science, data mining
or a machine learning project have been proposed. For example, the Cross-industry
standard process for data mining (CRISP-DM) is a data mining process model en-
compassing the following stages: Business understanding, Data understanding, Data
preparation, Modeling, Evaluation, Deployment (38 ). CRISP-DM has been available
in various guides since 1996. An updated variant developed by IBM, called Analytics
Solutions Unified Method for Data Mining/Predictive Analytics (ASUM-DM) (39 )
expands on CRISP-DM.
The HILDA workflow is specifically designed for processing of user, system event and
interaction data logged on products and services that use digital well-being interaction
technologies. A user event log must at least be comprised of three columns or variables
as part of a tabular structure, comprising a unique identifier for the user (can be
anonymous); the event that was recorded; and the date and time (preferable precision
to seconds) of that event.
The first phase of the HILDA workflow model involves data cleaning. Following
data preparation, data prospecting is carried out. Following data prospecting is often
a machine learning phase which can involve both unsupervised and supervised ma-
chine learning. The HILDA workflow model covers data preparation, data prospecting
and machine learning in some detail but not deployment and usage. Once the ma-
chine learning stage is complete, the results can lend themselves to being labelled and
described in clear terms that are easily understood beyond the research community.
The dataset comprised Comma Separated Values (CSV) and JavaScript Object
Notation (JSON). The JSON data, which included mood logs, were transformed into
a data frame that was amenable for statistical analysis. The following stage involved
the normalisation of dates. The dataset involved different date formats that were
reconciled. Dates were also normalised so that each user who started using the app on
different dates could be compared or aggregated, e.g. ’day 1’ was the relative first day of
usage regardless of the absolute date the user started using the app. This was followed
by exploratory data analysis (EDA). EDA entailed analysis of probability density
functions, histograms, frequency tables and time series analysis to study the temporal
aspects of user behaviour. This specifically involved a detailed analysis of the number
of mood log completions and the number of scale completions for each hour of the
day and for each day of the week. The correlation between these vectors were studied
and the outliers based on a regression model were analysed. An investigation into the
change of moods over a 24-hour day was also studied as well as the frequency of each
mood being logged. Subsequently, a series of features to characterise the behaviour
of each user was extracted from the usage dataset to form a new user dataset. These
features included, 1) the number of mental health scale completions the user made,
2) the number of mood logs the user made, 3) the user’s tenure of using the app (in
days), 4) the mean interval between each usage day (in days) and 5) the standard
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deviation of the intervals between each usage day. These features were then inputted
into k-means clustering, an unsupervised machine learning technique. This technique is
used to discover clusters or user groups that are somewhat distinct from one another.
The elbow method was used to determine the number of clusters to be computed.
Once clusters were determined, we then described these user groups using the cluster
centroids which represent the archetypical or average user in that cluster.
All data analysis was carried out using the R programming language and R Studio.
Pearson product-moment correlation coefficients were used for association analysis be-
tween variables. Significance testing was also computed for correlations, where p<0.05
was considered statistically significant.
4. Results
The average app tenure was 5.359 days (SD=26.869 days), however the maximum
tenure was 294.00 days. A total of 1,461 users had completed at least one mental health
scale and 1,267 users completed at least one mood log. Many new users installed the
app and were attracted to the mental health scales but never progressed to use the app
or log moods. This is corroborated given that there were 2,129 scale completions and
6,993 mood log completions. The ratio of 3.28 mood log competitions to each scale
completion indicates that users prefer EMA in the form of mood logging, but are still
willing to complete a mental health scale, albeit infrequently.
Figure 2. Function between the number of users and the number of mental health scale completions, e.g. 92
users had completed a scale at least 3 times.
Figure 2 shows a function between the number of users and the number of mental
health scale completions. There was a total of 1,378 completions of the EPDS scale, 502
completions of the GAD-7 anxiety scale and 248 completions of the PHQ-9 depression
scale. However, only 92 users had completed a scale at least 3 times. Figure 2 shows
that users who have 4 or 5 scale completions are likely to adopt the app and consistently
complete mental health scales. A total of 36 users had completed the EPDS scale at
least 3 times. For these 36 users, there is a poor but statistically significant negative
correlation (r = -0.23, p-value < 0.01) between the temporal instance number of each
EPDS completion and the scale score.
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Figure 3. a) Frequency of specific mood logs and b) frequency of generic mood logs.
Figure 3 indicates that the most frequent positive generic mood log is ’happy’ with
the moods ’content’, ’relaxed’, ’comfortable’ and ’thankful’ being the most common
positive ’specific’ moods logged.
Figure 4(a) shows that users are most likely to log moods at 9am, 12pm and 8pm,
in line with app prompting. Figure 4 (b) shows that happiness peaks at 1pm. Whilst
happiness is the dominant mood during day time, the moods ’anxiety’ and ’sadness’
peak during night time, with sadness peaking at 1am and anxiety peaking at 4am,
and anger peaks at tea-time (5pm and 6pm).
Figure 5 a) and b) shows the frequency of mood logs and scale completions per
hour and per day, respectively. The majority of mood logs and scale completions are
committed on a Tuesday, Wednesday and Thursday. The fewest number of mood log
and scale completions take place on a Saturday followed by a Sunday. Figure 5 also
indicates that the hourly patterns of scale completions are different from the hourly
patterns of mood log completions. Whilst users do not complete mood logs in the late
evening, the hours between 8pm and 10pm are the most common times for users to
complete a mental health scale. Users are more willing to log moods at 9am and 12pm
as opposed to completing a mental health scale.
For example, Figure 6 shows that users are 8 times more likely to log a mood at 9am
than they are to complete a mental health scale. This is why mood log EMA ques-
tions are important for collecting highly time-sampled data about well-being, whereas
mental health scale EMAs are heavily biased towards evening participation.
Figure 7 shows a) a regression model for the number of mood log completions
and scale completions at each hour of the day and b) accompanying residual plot
highlighting outliers. There is a strong correlation between the number of mood logs
and scale completions per hour (r=0.710, p<0.001). From analysing the residuals,
there are more mood logs at 9am and 12pm than would be predicted by the model
and significantly more scale completions at 9pm and 10pm than would be predicted
by the model, with 10pm having the largest residual from the regression line. This
indicates that users are much more willing to complete mental health scales in the late
evening, despite the 9am, 12noon and 8pm prompting schedule.
Clustering results are shown in Table 1. The elbow method as shown in Figure 8(a)
suggested a four cluster solution that would explain 80.64% of the variability based
on the features. A description of these clusters can be seen in Table 2. The clustering
model has been visualised in Figure 8(b) using two principal components.
Figure 9 also shows the boxplots for each feature per cluster, and indicates that
tenure could the strongest single feature for discriminating between the four clusters.
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Table 1. Centroid feature values for each cluster.
Cluster 1 2 3 4
Size 13 4 49 1186
Number of scale completions 2.23 29.5 2.285 0.774
Number of mood log completions 4.615 238.5 35.469 3.433
Tenure (days) 176.615 133.25 98.877 2.289
Mean interval between use 42.071 0.812 8.377 0.407
SD of intervals between use 76.274 2.243 15.768 0.606
Table 2. Cluster descriptions.
Cluster Description
1 This small group (1% of users) use the app for almost 6 months but only
complete 2 scales and log 4 or 5 moods. They can go for over a month
without using the app and their next interaction is unpredictable
2 This very small group (0.319% of users) are high adopters and frequent
users. They use the app for over 4 months. Each user is willing to com-
plete almost 30 scales and log over 200 moods. There are very frequent
users that log their mood multiple times in a given day.
3 This group (3.913% of users) use the app for over 3 months completing
2 scales and logging 35 moods. The interval between each mood log is
on average 8 days, however this interval can greatly vary
4 Like many apps, the majority of these users (94.728%) are transient
users and not adopters (perhaps due to app fatigue). This group only
uses the app for 2 or 3 days and only log 3 moods. They do log their
moods multiple times during these days but show very little activity,
some of which do not complete a scale.
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Figure 4. a) Frequency of mood logs per hour of the day and b) Percentage of particular moods being logged
at each hour.
5. Discussion
This study used data analytics to investigate the temporal behaviour of users when
completing mental health scales and mood logs in the form of EMAs using a maternal
mental health app. It found that the overall total number of completions was higher
for mood logs than scales. Users tend to complete logs at the time of the notifications
but are much more willing to complete scale surveys in the late evening (9-10pm).
The most frequently reported mood was ’happy’, which was the dominant mood
during day time, however ’anger’ peaks at tea-time (5pm and 6pm) and the moods
’anxiety’ and ’sadness’ peak during night time, at 1am and 4am respectively. The
majority of completions were on Tuesday, Wednesday and Thursday, with the fewest
number of logs being at the weekend, especially on Saturdays. There were superficially
more unique users who completed a scale in contrast to users who completed a mood
log, as many new users installed the app and were attracted to the mental health
scales but never progressed to sustained use of the app or mood logging.
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Figure 5. a) Frequency of mood logs and b) Mental health scale completions per hour & day.
From the 4 cluster groups indicated from the data, the majority of these users
(94.728%) are light users and not adopters, which is similar to other health apps and
akin to typical app retention graphs.
For 36 users, there was a poor but statistically significant negative correlation be-
tween the temporal instance number of each EPDS completion and the mental health
scale score. This suggests that postnatal depression decreases for some users as they
continue using the app. It is possible that users are more likely utilise local resources
and seek external help as a result of logging moods and using the locator and support
tools within the app, however further work is needed to confirm this.
These results indicate that it is important to encourage users to complete scales
in order to secure them as full adopters of the app. When an app user completes
four or five mood log or scale completions, they adopt the app and continue to use
it. If engagement of the app can be increased over a short period of time, it is more
likely to create a behavioural change and result in the app being part of the users
routine (40 ). User notifications have an important role in encouraging use of the app.
Given that late evening (9-10pm) is the most common time to complete a log or
scale, an additional notification could be released at 9pm to encourage completion of
EMAs. Personalisation is another method for increasing engagement with apps, such
as including the users name in push notifications. Tailoring an app for individual needs
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Figure 6. Number of mood log completions versus mental health scale completions per hour of the day
(number of mood log completions / number of scale completions).
is important for user retention, which can include displaying information and prompts
based on work schedules, sleep and location triggers (41 ).
The questionnaires and scales that are used within the app are routinely adminis-
tered in more formal clinical settings. Typically, this makes it difficult to reach those
who are not actively engaged in health care (42 ). To resolve this, a smartphone app
in which users complete EMAs can be used to reach more vunerable groups such as
new mothers to support self-monitoring of mental health.
It is clear that using digital technologies can enhance healthcare by ensuring more
people have access to high-quality mental health treatment, advice and support. In
the fields of psychiatry and clinical psychology, digital phenotyping has huge potential
to improve the quality of care and services worldwide.
6. Conclusion
This study used a subset of digital phenotyping known as EMA to analyse behaviour
and user engagement of two EMA approaches - one model that uses mental health
scales, which are time consuming and cognitively demanding for users and the other
EMA model comprised of mood logs, which are more efficient to complete requiring
less mental workload. We can conclude that users prefer mood log EMAs and that the
temporal behavior of users engaging with EMAs in the form of mental health scales
are distinctly different from how they engage with mood logs.
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Figure 7. a) The association between the number of mood log completions and scale completions at each
hour of the day (hour is labelled beside each point and b) residual plot.
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Figure 8. a) the elbow plot showing within group sum of squares per cluster solution, b) the selection cluster
solution (n=4) as depicted using two principal components.
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Figure 9. Boxplots for each feature per cluster.
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